This article presents a two-stage maximum power point tracking (MPPT) controller using artificial neural network (ANN) for photovoltaic (PV) standalone system, under varying weather conditions of solar irradiation and module temperature. At the first-stage, the ANN algorithm locates the maximum power point (MPP) associated to solar irradiation and module temperature. Then, a simple controller at the second-step, by changing the duty cycle of a DC-DC boost converter, tracks the MPP. In this method, in addition to experimental data collection for training the ANN, a circuit is designed in MATLAB-Simulink to acquire data for whole ranges of weather condition. The whole system is simulated in Simulink. Simulation results show small transient response time, and low power oscillation in steadystate. Furthermore, dynamic response verifies that this method is very fast and precise at tracking the MPP under rapidly changing irradiation, and has very low power oscillation under slowly changing irradiation. Experimental results are provided to verify the simulation results as well.
Introduction
Characteristic of a photovoltaic (PV) module is non-linear, and dependent on the weather condition of solar irradiation and cell temperature. For each weather condition, PV module has a different power-voltage curve and consequently unique maximum power point (MPP) . In order to take full advantage of PV modules, it is desirable to make them to work at their maximum power points, when connecting to a load. Maximum power point tracking (MPPT) methods are used to find and track these MPPs (Liu, Dougal, and Solodovnik 2004; Faranda, Leva, and Maugeri 2008; Yan et al. 2008; Nafeh 2010; Xiao and Zhang 2013) . Different MPPT methods have been developed in recent years, which are different in application, complexity, precision, speed, costs, etc. (Esram and Chapman 2007) . However, since the weather condition is not constant, one of the most important features in evaluating MPPTs is their performance under changing weather condition.
Conventional methods such as perturbation and observation (P&O) and incremental conductance (INC) have some problems such as deviation from MPP under fast changing of solar irradiation, and oscillation around MPP at steady-state, under constant or slowly changing of solar irradiation (Ahmed and Shoyama 2011; Kumar et al. 2011) .
New approach in designing MPPT controllers is to use intelligent methods. These methods are fast in tracking the MPP, and have more stable output in compare with conventional methods (Zainuri et al. 2012; Reisi et al. 2013) . Artificial neural network (ANN) method, especially, can handle non-linearity characteristic of the PV module and uncertainty of the weather condition (Ramaprabha and Mathur 2011) . Different ANN MPPTs have been developed so far, which are different in some aspects of ANN architecture, control variable, load ranges, and complexity of the controller variables (Premrudeepreechacharn and Patanapirom 2003; Hiyama 2009; Dzung 2010; Alabedin, El-Saadany, and Salama 2011; Anitha and Prabha 2011; Islam and Kabir 2011; Jie and Ziran 2011; Ramaprabha and Mathur 2011) . In a research conducted by Xu et al. (2011) , two sensors of irradiation and temperature are used, which straightly deliver the duty cycle of the converter. In this method, since PV or load operating points are not involved in the controller, it is designed for constant load. In other ANN MPPTs, four sensors of irradiation, temperature, voltage, and current are involved, and controller has two steps of locating the MPP and tracking it. In method proposed by Ramaprabha, Mathur, and Sharanya (2009) , after locating the optimum power, a PI controller is used to track the MPP, while in other research works conducted by Alabedin, El-Saadany, and Salama (2011) and Bahgat et al. (2005) , second step is itself a P&O algorithm.
Complexity, precision, and speed of these MPPTs depend on the correctness of the data used for training, ANN training, and the type of controller in the second step. Therefore, in this work in addition to experimental data collection for training the ANN, a circuit is designed, which uses the desired PV module modeled in SIMULINK to find the exact optimum points of voltage and current for each solar irradiation and cell temperature. In this way, a whole range of precise data has been provided for training the multilayer perceptron (MLP) ANN to find optimum points. Furthermore, the controller designed for tracking the optimum points after locating by ANN, is simple and independent from the load. Using this controller along with ANN provides a simple, fast, and precise MPPT controller under changing weather condition. The main contributions of this work is to prove that ANN MPPT with good design and training, precise data for training, and proper controller in the second step is very fast and precise in locating and tracking the MPP. In addition, it proves that ANN-based MPPT can precisely follow the changes of solar irradiance and cell temperature in a fast way. Furthermore, it confirms that this method has very small oscillation around MPP, under constant or slowly changing of solar irradiation.
Section 2 presents a description on PV modelling. Section 3 describes the DC-DC boost converter. After that, ANN-based MPPT proposed in this work is presented in Section 4, followed by results for both simulation work in Section 5, and experimental works in Section 6. Finally, a conclusion is given in Section 7.
Modelling of the PV module

Solar cells and PV modules
Solar cells which are P-N junctions, made of semiconductors, absorb the solar energy in form of irradiation and convert it to electrical energy (Bazzi 2007 ; EL-Moghany 2011). Figure 1 depicts the equivalent circuit of a PV cell, which consists of a current source in parallel with a diode and series and parallel resistances (Panwar and Saini 2012) .
Since, PV cells produce small amount of power, by connecting them in series and parallel, PV modules are formed and marketed (Golder 2006; Zegaoui et al. 2011; Liu, Ren, and Nguang 2012) .
Mathematical modelling of PV module
Mathematical model can be used for simulating the PV module in MATLAB-Simulink. In Figure 1 , by applying KCL, the mathematical equation (1) is delivered, which expresses the output current of the PV cell as below (EL-Moghany 2011; Farhat and Sbita 2011):
where I pv is output current of the PV cell, I ph is photo current, I D is diode current and I sh is shunt resistor current.
Thus, for a PV module comprised of cells in series and parallel, the equation is expressed as below (Golder 2006; Nafeh 2010; Zegaoui et al. 2011) :
where I 0 refers to reverse saturation current, V pv is output voltage of the PV module, N S and N p are number of cells in series and parallel respectively, R s and R sh are series and parallel resistances respectively, q is electron charge (1.602 × 10 −19 C), A is diode ideality factor (1 < A < 2), K is Boltzmann constant (1.38 × 10 −23 J/K) and T is cell temperature.
Saturation current I 0 is delivered from equation (3), given below (Bazzi 2007) :
where T r denotes reference temperature (298.18 K), I 0r is saturation current at T r and E go is band gap energy.
Photo current I ph is delivered from equation (4) as below (Bazzi 2007) :
where I scr is short-circuit current of the PV at standard test condition (STC) of 25°C and 1,000 W/m 2 , K i is short-circuit current temperature co-efficient, G is solar irradiance, and G r is reference solar irradiance (1,000 W/m 2 ).
Some of the parameters such as R s , R sh , N s , N sh , I 0r , E go , K i , and I scr , which are specific for each module, can be obtained from the data sheet of the module. In this work, Kyocera KD210GH-2PU module which consists of 54 cells in series is used. Table 1 shows the electrical parameters of this module under standard test condition (STC). By using equations (2)-(4); the PV module is simulated in MATLAB-Simulink.
DC-DC boost converter
DC-DC boost converter, steps up the input voltage to a desired voltage in its output. In MPPTs, input voltage of the boost is the PV module output voltage; and output voltage of the boost is the load voltage. Figure 2 depicts the boost converter simulated in MATLAB. The relationship between the input and output voltages of the boost converter is expressed as below (Erickson 1961; Lu and Lung shih 2010) :
where V g is input voltage, V 0 is output voltage, and D is duty cycle of the boost converter. Inductor and capacitor values are calculated by applying equation (6) to ensure the boost is working in continuous conduction mode (CCM), and equation (7) is to guarantee the maximum voltage ripple of 5% for the output voltage, as below (Anitha and Prabha 2011):
where L min is minimum inductor value, R is load resistance, and f is working frequency.
where C min is minimum output capacitor and V r is allowed output voltage ripple.
A frequency of around 15-25 kHz is estimated to be appropriate to ensure low switching losses. Frequency of 22 kHz is selected as working frequency, and a resistance of 33 Ω, 210 W is selected as load. The specification of the converter is tabulated in Table 2 .
Maximum power point tracking controller
Proposed controller contains two steps. The inputs of the controller are operating voltage, operating current, optimum voltage, and optimum current. The output is the duty cycle which controls pulse width modulator (PWM) to generate the control signal for the boost duty cycle. Figure 3 shows the schematic of the overall system simulated in MATLAB.
The first step of the controller develops an artificial neural network (ANN) to operate in delivering the voltage and the current of the PV module at which the maximum power happens, i.e., optimum voltage and optimum current. The inputs of the ANN are irradiance and temperature and the outputs are optimum voltage V pm and optimum current I pm . These values are then used as the reference values for the MPPT at the second stage of the controller.
First step of the controller
ANN used for the first step of the controller is a multilayer perceptron (MLP) with back propagation learning algorithm. In this method, a set of learning inputs of irradiances and temperatures and desired outputs (targets) of optimum voltages (V pm ) and optimum currents (I pm ) are applied to the network. Activation function for the first layer is a tangent sigmoid (tansig) while for the second layer is pure linear (purelin). Data for training the ANN is collected from both experiment and simulation. In data collection from experimental work, for different levels of irradiances and temperatures which were recorded by irradiance meter and thermometer, optimum points of V pm and I pm were read through solar module analyzer. However, it was not possible to get data for some conditions such as high irradiance at low module temperature. Thus a circuit was designed in SIMULINK which by using the PV characteristic curve for each irradiance and temperature, gives optimum points required for ANN training. Figure 4 shows this circuit in detail.
Second step of the controller
As presented in Figure 3 , the inputs to the second step of controller are optimum points delivered from the ANN, and operating voltage V pv and current I pv of the PV module. The concept of the second step comes from the equation (8) which relates the input and output impedances in the boost converter, given as below:
To assume that PV module is working at operating point (V pv, I pv ) with duty cycle d(t) at time t, output impedance can be delivered as below:
where V pv and I pv are operating voltage and current of the PV with duty cycle d(t) at time t.
• The second stage of the controller tries to match the input impedance of R in ¼ V pm =I pm with the output impedance of R o ¼ ðV PV =I PV Þð1 À dðtÞÞ À2 . Thus from equations (8) and (9), the duty cycle function is delivered as:
where d(t + 1) is duty cycle of the boost converter at time t + 1. Figure 5 , presents the voltage-power and voltage-current curves of Kyocera KD210GH-2PU module, simulated under different solar irradiations and cell temperatures. As the curves depict, for every solar irradiation and cell temperature, there is a unique MPP as marked in this figure.
Simulation results
PV module characteristics
Data collection and ANN training
A comparison of data collected from experimental work and simulation results is provided in Figure 6 , which shows the same pattern for both methods. Thus, in order to include a wide range of data for training the ANN, it is a good idea to use the data collection circuit presented earlier. Furthermore, mean squared error (mse) versus the number of epochs for training the ANN is represented in Figure 7 , which verifies the high precision of the trained ANN in finding the optimum points of voltage and current. The error between the target and output has dropped to 2.97 × 10 −6 at epoch 59, which confirms the high performance of trained ANN. 
MPPT performance
Transient and steady-state response In order to evaluate performance of the proposed MPPT and to provide same weather condition for simulation and experimental assessments, the system is evaluated under the constant solar irradiance of 930 W/m 2 and temperature of 42°C. Figure 8 displays the output voltage and current of the PV module, and Figure 9 shows the PV output power and its oscillation at steady-state. It can be observed from Figures 8 and 9 that transient response for the proposed method is small as 6 ms, and power oscillation around MPP is negligible. 
Dynamic response
In order to assess dynamic response of the proposed method, a variable signal of solar irradiation as in Figure 10 is applied to the system, and to include the different temperatures, performance of the system is evaluated for two different temperatures of 25°C and 45°C. The PV output power, voltage, and current responses are presented in Figure 11 As Figure 11 depicts, the proposed MPPT can follow the rapid changes in irradiation very fast. When for a given temperature, solar irradiation changes, the PV current changes proportionally, but the MPPT controller by changing the duty cycle of the converter, makes the PV module to be constant at optimum voltage value. In addition, comparing Figure 11 (a) and (b) indicates that when for a given irradiation, temperature changes, the current remains constant, but MPPT controller shifts the PV module voltage to the new optimum value. Furthermore, the PV output under slowly changing irradiation shows that this method has low power oscillation under slowly changing irradiation.
Experimental results
In experimental setup, two sensors of solar irradiation and cell temperature are applied to provide the inputs of ANN controller, and two other sensors are used to provide the operating voltage and current for second step of the controller. In fabrication of the boost converter, the parameters are set as simulation values in Table 2 . eZdsp TMF28335 board from SPECTRUM digital INC. is used to implement the controller and to provide PWM signals for the converter. Figure 12 shows the hardware setup, which consists of the PV module, boost converter, sensors, digital signal processor (DSP), and resistive load. A computer is used to load the controller in the DSP. Figure 13 shows experimental results of the PV voltage, current, and power; under constant solar irradiance of 930 W/ m 2 and temperature of 42°C. The results verify the high speed of this method in tracking the MPP, and low oscillation around MPP in steady-state.
In order to validate the simulation results for dynamic response, an experimental result under changing solar irradiation is provided in Figure 14 . As this figure depicts, when irradiance and consequently PV output current change proportionally, ANN MPPT keeps the PV output voltage almost constant at optimum voltage point. This result validates the simulation results for changing irradiation presented earlier. 
Conclusions
This paper has presented a two-step ANN-based MPPT controller. Simulation and experimental results show that this method has short transient response time and low power oscillation in steady-state. In addition, it can rapidly follow the sudden changes in solar irradiation, and has low power oscillation under slowly changing irradiation. Thus, this method with its fast and precise ANN controller at the first step, and simple designed controller at the second-step, has good performance in finding and tracking the MPP under changing weather condition. Further work can be explored in related to this work by comparison of conventional with proposed intelligent technique, on the basis of efficiency for various duty ratios.
